Arterial Spin Labeling (ASL) is a recent MRI perfusion technique which enables quantification of cerebral blood flow (CBF). The presence of regions with atypical CBF can characterize a pathology. In brain tumors for instance, perfusion increase can be directly related to the grading of the malignant tissues. It is therefore of great interest to identify these regions in order to provide the patients with the most appropriate therapy.
INTRODUCTION
Brain perfusion is the biological process through which a complex blood system operates in order to supply each region of the brain with oxygen and nutrients. Cerebral Blood Flow (CBF), expressed in mL/100g/min, represents the quantity of blood (in mL) supplied to 100g of tissue per minute. This measure is an indicator of the well-being of the tissues.
Dynamic susceptibility-weighted contrast enhanced (DSC) MRI is the reference method to estimate CBF with MRI. It is based on the injection of a bolus of contrast agent and first pass imaging. CBF can be estimated, along with cerebral blood volume (CBV) and mean transit time (MTT). Arterial Spin Labeling (ASL) is a recent sequence [1] using the blood as an endogenous tracer. This sequence relies on the acquisition of pairs of images acquired with and without prior labeling of the blood in the brain feeding arteries. The difference between labeled and unlabeled images reflects local perfusion. ASL is entirely non invasive and can ease the measure of CBF in patients with difficult venous access such as children, healthy volunteers or pregnant women. Besides the use of an endogenous tracer, its inherent non-invasivity allows repetitive acquisitions and is well adapted for longitudinal studies. However, this comes at the cost of lower spatial resolution and smaller signal to noise ratio compared to DSC.
Brain perfusion varies between individuals and depends on several parameters including age and sex. Some pathologies are characterized by the presence of brain regions having a level of perfusion outside a normal range, namely hyperperfused or hypoperfused regions. A better understanding of individual focal perfusion abnormalities could therefore lead to the definition of new biomarkers and help to draw a more complete picture of complex pathologies. Abnormal CBV and CBF in brain tumors are well documented [2] [3] [4] [5] . Based on DSC or ASL, measures of focal perfusion abnormalities in tumorous tissues can ease tumor grading [2] [3] [4] or discriminating post-radiation necrosis from tumor recurrence [5] . Both are important issues in order to supply the patient with the most appropriate therapy. However these analyses are usually based on manual delineation of regions of interest, a time-consuming task, prone to interrater variability.
The purpose of this paper is to introduce a new method for automatic detection of pathological focal perfusion abnormalities, based on an a contrario detection framework using a statistical model of perfusion in healthy subjects (ASL template). Section 2 presents the proposed method for ASL template creation and a contrario detection. The experimental framework is outlined in section 3 and section 4 deals with the results. A brief discussion is proposed in section 5.
METHOD

ASL template creation
The template construction was performed as described in [6] from the ASL CBF maps of healthy subjects. The template is made of two maps describing the mean and standard deviation of the normal law N (μv, σ 2 v ) defined in each voxel v. Due to differences in brain coverage, voxels where data was available for less than 15 subjects were discarded. This ASL template represents a model of normal cerebral perfusion in the different parts of the brain. This model will be used in the a contrario framework as the so-called background model.
A contrario detection of focal perfusion abnormalities
The a contrario approach is a statistical framework inspired from the Gestalt laws of perception introduced in [7] . This theory has been applied to medical image processing, for instance for opacities detection in mammography [8] or epileptogenic zone detection [9] .
The a contrario approach is based on the definition of a background model. An event contradicting this model is a candidate for detection. The contradiction level is evaluated using a criterion called Number of False Alarms (NFA), corresponding to the average number of false detections in the background. The occurrence of an event corresponding to a very low value of NFA is very unlikely according to the background model. The detection threshold is denoted by and usually set to 1. The detections therefore verify NFA ≤ and are called -significant. This method allows to correct for multiple comparisons and is linked to Bonferroni correction as outlined in [10] . Background model definition and NFA calculation are at the core of the detection problem. Similarly to [10] we propose to use the Gaussian laws defined by our ASL template as background model. In the map to be compared to the template, a voxel with an associated value overtaking at least one of these bounds corresponds to a rare event. Thus, given a CBF map to be compared to the template, we first select the voxels that are rare events with respect to the ASL template for each p-value in set P .
A set of regions of analysis, in this case spheres, is chosen so that the NFA will be computed in each region. On each region, we count the number of rare events and get the corresponding probability of getting such a number given the probability of occurrence of a rare event pi. Let k be the number of rare events in sphere s composed of n voxels, then for p-value pi, the probability of having k or more rare events, is defined by the tail of the binomial distribution:
Therefore, for each p-value, pi, we have a probability per sphere, leading to a probability per voxel π v i considering that a detection in a given voxel is determined by its neighborhood. This probability map is converted into NFA map according to:
where S is the number of spheres and T is the cardinal of set P . The NFA map is then thresholded: regions where NFA> are discarded in order to obtain -significant spheres.
To the aim of discriminating hypoperfusions from hyperperfusions, the upper and lower bounds associated to a p-value are studied separately. Then S is increased twofold since twice as many tests are performed. Due to the neighborhood constraint, a voxel can be detected both as hyperperfused and hypoperfused. To avoid this confusing situation, we added the constraint that a voxel can be outlined as hypoperfused (resp. hyperperfused) only if its value is smaller (resp. greater) than the template mean.
EXPERIMENTS
Data acquisition
Thirty healthy volunteers (14 males, 16 females, mean age: 28.0 ± 6.6 year-old) and four patients (1 male, 3 females, ages: 58.7, 77.8, 54.9 and 54.8 year-old) presenting identified tumors were involved in this study. Data acquisition was performed on a 3T Siemens Verio MR scanner with a 32-channel head-coil. The healthy subjects were involved in a broader study, only the sequences described hereafter were exploited in the context of this study. Patients were scanned in the context of clinical practice. The imaging protocol included a 3D T1-weighted anatomical sequence (T1w) (TR: 1900ms/TE: 2.27ms/FOV: 256x256x176mm 3 /flip angle: 9
• /resolution: 1x1x1mm 3 ), a PICORE Q2TIPS sequence with crusher gradients (TR: 3000ms/TE: 18ms/FOV: 192x192mm 2 /flip angle: 90
• /in plane resolution: 3x3mm 2 /slice thickness: 7mm/interslice gap: 0.7mm/TI: 1700ms/T I wd : 700ms/60 repetitions). In addition to these sequences, the patients also underwent a DSC sequence (GRE EPI/TR: 1500ms/TE: 30ms/FOV: 230x230mm 2 /flip angle: 90
• /in plane resolution: 1.8x1.8mm 2 /slice thickness: 4mm/interslice gap: 1.2mm) and 3D T1w post gadolinium (T1w-Gd) sequence (TR: 1900ms/TE: 2.27ms/FOV: 250x250x176mm 3 /flip angle: 9
• /resolution: 1x1x1mm 3 ).
Pre-processing
Image pre-processing was performed using SPM8 (Wellcome Department of Imaging Neuroscience, University College, London). The anatomical image of each subject was segmented into grey matter (GM), white matter and cerebrospinal fluid using the unified segmentation [11] . For each subject, an anatomical brain mask was created, excluding voxels with less than 50% of brain tissue. A six-parameter rigid-body registration of the ASL volumes was carried out in order to reduce undesired effects due to subject motion. Coregistration on GM was then performed based on normalised mutual information. The average of unlabeled volumes was used to estimate the geometrical transformation to apply to each volume.
The 60 unlabeled and labeled ASL volumes were pair-wise subtracted and averaged in order to obtain a perfusion weighted map per subject. A standard kinetic model [12] was then applied in order to get ASL CBF, according to the following equation:
where f is the CBF map, M0 is the acquired M0 map, λ = 0.9mL.g
is the blood/tissue water partition coefficient, α = 0.95 measures the labeling efficiency, ΔM is the perfusion weighted map, T I = 1700ms is the inversion time of the ASL sequence, idx sl is the slice index, starting from 0 for the first acquired slice, T I sl = 45ms is the duration of acquisition of one slice, T I wd = 700ms is the temporal width of the bolus, T 1 b = 1500ms is the T1 of blood [13] . In order to account for inter-subject variations in CBF [1] , each map was normalised by the mean perfusion value computed from all voxels containing more than 70% of GM [6] . Since tumorous tissue is often considered as GM in basic SPM segmentation (no extra class definition to model the tumor), we could not apply the same intensity normalisation to the patient maps. Thus, for each patient map, we iteratively estimated the normalisation factor that would lead to the best fit to the model defined by the template when excluding 10% of the voxels.
Spatial normalisation parameters estimated during the segmentation step were then applied to the T1w and ASL CBF map in order to normalise the subjects into the ICBM template space [14] .
The DSC images were processed using MR manufacturer software by manually choosing an arterial input function to calculate CBF and MTT maps. Similarly to ASL, DSC CBF map were coregistered on GM and spatially normalised.
ASL template construction was performed from the ASL CBF maps of the 30 healthy subjects involved in this study. Four subjects were excluded for excessive motion (>1mm or >1
• between two successive volumes), one because of strong ghosting artefacts and one because of abnormally low signal.
Implementation of a contrario detections
An in-house software was implemented under Matlab for a contrario detection of focal perfusion abnormalities and applied to the ASL CBF maps of the four patients with brain tumors. In the a contrario framework, the radius of the spherical regions of analysis was set to 2 voxels. We chose the following set of p-values: P = {0.001, 0.005}. Figure 2 presents the hypoperfusions and hyperperfusions detected on each subject overlaid on the T1w map along with the T1w-Gd, DSC CBF and ASL CBF maps.
RESULTS
Subject 1 presents a meningioma of both occipital lobes. Three foci of hyperperfusion are identified in the tumor and coincide with large CBF values on both CBF maps. One hypoperfusion focus is located in the surrounding of the tumor. The right part corresponds to a low CBF value on both ASL and DSC CBF maps. The left part might be due to signal lowering in ASL CBF map induced by a longer transit time. Other small hypoperfusions are detected in the insula and pallidum regions. They could correspond to artefactual low perfusion values in the ASL CBF map, absent from the DSC CBF map. Three hypoperfusions in the occipital lobe and two hyperperfusions in the frontal lobe, presenting a typical corolla shape, can be attributed to motion artefacts. Subject 2 presents a high grade tumor in the left frontal lobe. On the T1w-Gd map, the contrast is enhanced on the right side of the tumor towards the medial part of the brain. The DSC CBF map outlines a region of high perfusion surrounding the tumor and covering the region enhanced on the T1w-Gd map. As expected, the central necrosis displays a very low perfusion level. The ASL CBF map is coherent. On the detection map, one hyperperfusion is outlined around the tumor overlapping the region of high perfusion present on both CBF maps. Part of the central necrosis is identified as hypoperfusion. Other probably artefactual hypoperfusions are detected biparietally and, on the right, frontally. We hypothesize that these artefactual detections might be explained by a too short TI for this old (77.8 years) patient with probably increased transit times.
Subject 3 presents a high grade tumor in the left temporal lobe. On the T1w-Gd map, the contrast is enhanced around the tumor with a larger zone on the left in the posterior part of the tumor. The DSC CBF map outlines a high level of perfusion around the tumor, coinciding with the contrast enhancement of the T1w-Gd map. The ASL CBF map is coherent. The detection map outlines the most lateral part of the high perfusion ring, on the left. Another focus of hyperperfusion is observed on the opposite side of the ring. A small hypoperfusion is detected outside the tumor corresponding to a low signal on both CBF maps. Subject 4 presents a high grade tumor in the right temporoparietal lobe. On the T1w-Gd map, the contrast is enhanced around the tumor, while the central part of the tumor displays a low signal. The DSC CBF map outlines a low perfusion level inside the tumor and a small area of high perfusion forward the tumor. The ASL CBF map is very artefacted. We can however distinguish a very low level of perfusion on the right part of the brain encompassing the tumor site. On this map, the left frontal part of the brain has a very low perfusion as well, while this is not the case on the DSC CBF map. This might be the consequence of motion artefacts. In the detection map, the tumor is detected as a hypoperfusion in concordance with the DSC CBF map. A couple of artefactual hypoperfusions are seen in the frontal and occipital lobes due to motion artefacts. A small hyperperfusion is detected.
Thus, on all subjects, the largest foci of hypoperfusions and hyperperfusions are coherent with evidence from the DSC CBF maps.
DISCUSSION AND CONCLUSION
In this paper, we have demonstrated the capability to automatically detect hypoperfusions and hyperperfusions jointly using an ASL perfusion template and an a contrario framework. Improving the preprocessing of the ASL sequence might reduce the artefacts seen on the ASL CBF map and therefore reduce artefactual detections. Motion is a major source of artefacts, and taking advantage of the repeated measures performed in ASL might improve the detection. Longer transit times in elderly subjects or patients with neurological diseases is a known cause of signal lowering in ASL CBF map compared to DSC CBF map. Introduction of new multi-TI ASL sequences along with adapted quantification models might undercover this issue.
Detection methods based on a statistical model estimated on healthy subjects are inherently limited by the coverage of the model and by the registration to the template. The robustness of registration of T1w images presenting tumors using SPM default normalisation method has been studied [15] . Recent registration algorithms, like DARTEL [16] , have improved the accuracy of registration and could be used to increase the detection accuracy. However, their robustness on patients presenting large pathological lesions on T1w still needs to be studied.
This study included four patients and a broader validation on a larger database is ongoing. Further work will include a comparison of the a contrario detection framework with more standard methods like the general linear model, and a validation based on quantitative criteria.
In the context of tumor pathologies, automatic detection of focal perfusion abnormalities could be useful for surgical planning by identifying the most malignant part of the tumor. Automatic detection of perfusion abnormalities also opens the field to more subtle detections that could not be outlined by visual inspection only.
